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Abstract

In this paper, I recognized Korean isolated words using CVEM which is suggested by M. Bilginer et al. CVEM is an
algorithm which is easy to extract the common properties from . training voice signals and also doesn’t need complex
calculation. In addition, CVEM shows high accuracy in recognition results. But, CVEM has couple of problems which are
impossible to use for many training voices and no discriminant information among extracted common vectors. To get the
optimal common vectors from certain voice classes, various voices should be used for training. But CVEM is impossible to
get continuous high accuracy in recognition because CVEM has a limitation to use many training voices and the absence
of discriminant information among common vectors can be the source of critical errors. To solve above problems and
improve recognition rate, k—clustering subspace method and DCVEM suggested. And did various experiments using voice
signal database made by ETRI to prove the validity of suggested methods. The result of experiments shows improvements
in performance. And with proposed methods, all the CVEM problems can be solved with out calculation problem.
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Table 1. Recognition rate of isolated digit.
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Table 2. Recognition rate of isolated word.
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Table 3. The isolated digit experimental result.
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Table 4. The isolated word experimental result.

Skl

WA CVEM 2 4 6 8 9
OIAM &

(%) 9438 | 95.45 |194.38| 94.20 | 94.74 | 94.56

oln], KCSM¥ DCVEME 4 =
#E BoF3 9t} o]y 3l 734 }.g__ 828
b AHEE AS AR -KCSMO]
KCSM3 DCVEMS Zga 44
ok 283 ¥ 3¢ X 4§.-‘?’—E1-1—:—
T UYEd 2 FFS 1A

o| &7 AF9 FAE ¢
gy vy g

S QAREAAM €
a8 A fojx HE 1-‘4 7<}°Jﬂr 6”‘/\]
o F AFE B2 HHaA £HFE Tﬁﬂﬁ}—‘{f
o| uigAslAr.

gl P}

A

v.d &

B =Fd A+ M Bilginer 5°] At
WYY FAHES A7l 8 k-clustering
subspace method(KCSM)¢} discriminant 5% Eﬂ F
W (DCVEM)Z Algtstgith 18
o] 'S H4F37] A8t ETRICNA wjxg L}%‘ﬂ
I A 320071 ETRIS) 473 2002718 AHE:
3 AANFHS FPFH. A7 k-clustering
subspace WH& AlAtFEe] E F7F §lo] 7€ Wl
72l g do] 7 Ajoltte & AN 5 3l
Ao, JAAE HoME V& WYY A 24HE

AL 4+ 9%t 183 discriminant FEHE FE

5 3

iu,
2
rslt
LT.

it

ok

A&

(19)

19
e )& wel A B 4% 249 AL A}
Aol AAT 5+ ARom o] I3} AN FAA FAHY
A%E 22 5 AT F A PES 2T 299 3
g 7@ vs A7 037% A= FAE AHE
of Utk FF AY L1UZE hybrid HMM3Y} 2
geli Q4o R SHES AHgsel &
e Azug FEAE Aolw, EF ATl

A dE&ggeRe FFE AlRsE A¥oln.

S I |

[1] M. Bilginer et al,, A novel approach to
isolated word recognition”, Speech and Audio
Processing,, IEEE Trans. Vol. 7, pp.620-623,
1999. |

4B, MTE, 3,

43 FFUEH FEPEE o
st gFsts] X A 204, pp. 35-41, 2001
Davod C. Lay, “Linear Algebra and its

Applications”, seconded., ADDISON-WESLEY,
pp. 62-63, 2000.

[2]

-
—A

[3]

[4] Saon, G., Padmanabhan, M., Gopinath, R,
Chen, S., "Maximun likelihood discriminant
feature spaces”’, Acoustics, Speech, and Signal
Processing, IEEE International Conference,

Vol. 2, pp. 111129 -111132. 2000.

[5] Mathworks, ”“Signal processing toolbox user’s
guide”, Mathworks Inc. 1996.

[6] Lawrence Rabiner and Biing-Hwang Juang,
”Fundamentals of speech recognition”, Prentice
~Hall International, Inc., 1993.



20

k—clustering 87t 7|1t g SSHUHE 0/ 1o 24
SNV

=0 (A3
1992\ *13*1%%%1
Ao AZF et stk 24,
19943 AM-gA ddista
ARzt 44 £9.
2001 M EA gt [zbg gt
sl E
2003d ~ @A A AT Ao wg

<FB|ARE  SAQA, AATL ANSTAHP, TF ‘%X'“O1>

(20)



